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Single-cell RNA-sequencing (scRNA-seq) has emerged
as a revolutionary tool that allows us to address
scientific questions that eluded examination just a few
years ago. With the advantages of scRNA-seq come
computational challenges that are just beginning
to be addressed. In this article, we highlight the
computational methods available for the design and
analysis of scRNA-seq experiments, their advantages
and disadvantages in various settings, the open
questions for which novel methods are needed, and
expected future developments in this exciting area.in gene expression across conditions, pseudotime order-Background
The ability to derive genome-wide mRNA expression
data from a population of cells has proven useful in
thousands of studies over the past two decades. In spite
of their utility, traditional expression experiments are
limited to providing measurements that are averaged
over thousands of cells, which can mask or even misrepre-
sent signals of interest. Fortunately, recent technological
advances now allow us to obtain transcriptome-wide data
from individual cells. This development is not simply one
more step toward better expression profiling, but rather a
major advance that will enable fundamental insights into
biology.
While the data obtained from single-cell RNA-
sequencing (scRNA-seq) are often structurally identical to
those from a bulk expression experiment (some K million
mRNA transcripts are sequenced from n samples or cells),
the relative paucity of starting material and increased reso-
lution give rise to distinct features in scRNA-seq data, in-
cluding an abundance of zeros (both biological and
technical), increased variability, and complex expression
distributions (Fig. 1). These features, in turn, pose both* Correspondence: kendzior@biostat.wisc.edu
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and computational methods are required.
In this review, we discuss such statistical and compu-
tational methods in detail. We begin with an overview of
practices for robust experimental design, quality control,
and expression estimation, where the principles and
methods used in bulk experiments, perhaps slightly
modified, apply directly. We then discuss methods for
normalization, noting that features that are unique to
scRNA-seq pose challenges for existing approaches.
Methods developed for downstream analysis are also
considered with specific focus on methods for clustering
and sub-population identification, assessing differences
ing, and network reconstruction (a summary is provided
in Table 1). We conclude with a discussion of the open
questions facing computational scientists, as well as
those that will soon arise as datasets quickly become
ever larger and more complex.Experimental design
Generally speaking, a well-designed experiment is one
that is sufficiently powered and one in which technical
artifacts and biological features that may systematically
affect measurements are randomized, balanced, or con-
trolled in some other way in order to minimize oppor-
tunities for multiple explanations for the effect(s) under
study. Guidelines toward achieving this end have been
reviewed for bulk RNA-seq studies [1, 2] and many of
the same guidelines also hold for scRNA-seq. In short,
to minimize potential artifacts and confounding, it is im-
portant to randomize or balance over as many factors as
possible, ideally so that putatively interesting features
that are observed in the data are not due to artifacts im-
posed during sample preparation and/or data collection.
Although the specific factors that are important in any
design are highly experiment-dependent, if multiple pop-
ulations are being assessed, a primary candidate for
randomization is the order with which cells from distinct
populations are processed and libraries are constructed.This article is distributed under the terms of the Creative Commons Attribution
ons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
ive appropriate credit to the original author(s) and the source, provide a link to
changes were made. The Creative Commons Public Domain Dedication waiver
ro/1.0/) applies to the data made available in this article, unless otherwise stated.






























































Fig. 1 Prominent features in single-cell RNA-seq data relative to bulk RNA-seq include an abundance of zeros, increased variability, and
multi-modal expression distributions. a Boxplots of the gene-specific proportion of zeros in a bulk (bulk1) and single-cell (sc1) dataset
stratified by percentile of median gene expression. Sequencing depth ranges from 420,000 to 16.6 million in bulk1 and 385,000 to 16.4
million in sc1 (samples were chosen to have comparable depths; see the “Data” section). b Densities of gene-specific log variance for all
genes in three bulk and three single-cell RNA-seq datasets. Densities are also shown for the single-cell datasets for log variances calculated following
the removal of zeros, emphasizing that the increased variability observed relative to bulk is not entirely due to the presence of zeros. c For each dataset
shown in b, 1000 genes were selected at random from the list of genes for which at least 75 % of cells showed non-zero expression. For each gene,
zeros were removed and Mclust [92] was applied to log expression to estimate the number of modes. Because zeros were removed prior to Mclust, a
mode at zero will not contribute to the total number of modes shown
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ples should be randomized or balanced across multiple
lanes to minimize potential lane effects.
While randomization should be carried out to the ex-
tent possible, it is important to point out that, in many
cases, conducting a fully randomized experiment is not
realistic. Limited samples, a fixed number of single-cell
isolation platforms and sequencers, time constraints,
and budgets often prohibit the theoretically ideal experi-
ment from being realized in practice. In most cases,
samples must be processed in multiple batches, with
randomization occurring within batch. This is exempli-
fied nicely in an experiment concerning embryonic de-
velopment that profiles single-cell expression in oocytes
and zygotes as well as in 2-cell, 4-cell, and 8-cell em-
bryos [3]. In this study, within each batch, eachdevelopmental stage was represented and stages were
randomized in an effort to ensure that batch and stage
were not confounded. Further discussion of possible
batch effects and a specific experimental design that re-
duces the confounding of batch effect with biological
signal are given in Hicks et al. [4]. Specifically, they
propose a design in which cells from the biological con-
ditions under study are represented together in multiple
batches, which are then randomized across sequencing
runs, flow cells, and lanes as in bulk-RNA-Seq. With this
design, one can model and adjust for batch effects that
result from systematic experimental bias.
Experimental design considerations will also be af-
fected by the various protocols and platforms available
for scRNA-seq. Platforms for isolating single cells vary
substantially with respect to capacity, cost, and time.
Table 1 Statistical methods for single-cell RNA-seq experiments
Name Description Requirements/deliverables
Normalization
GRM [57] Fits polynomial gamma regression model to FPKM data from
spike-ins; estimated parameters are used to convert FPKM of
endogenous genes to an absolute scale within each cell
Performs within cell normalization and may be used
with FPKM, RPKM, or TPM
SAMstrt [56] The resampling-based bulk normalization method in SAMseq
is applied to spike-ins
Assumes that an equal number of spike-in control
RNA molecules have been added to all samples
Identifying highly variable genes
Brennecke et al. [48] A gamma generalized linear model fit to the mean-variance
relationship quantified by the square of the coefficient of
variation (CV2) of the spike-ins estimates technical noise
parameters. These parameters are then used to estimate
technical variability for endogenous genes and to test
whether each gene exceeds a variability threshold
Spike-ins and endogenous genes are normalized
separately using the median normalization method.
Gene specific P values are provided to identify highly
variable genes
Kim et al. [63] Uses spike-ins to estimate parameters related to technical
variance, allowing for differences in variability across cells.
Estimates gene-specific biological variability by subtracting
technical variability from total variance
Normalization factors are estimated using the median
normalization method. A simulation based framework
to test for highly variable genes is provided
BASiCS [54] Jointly models spike-ins and endogenous genes as two
Poisson-Gamma hierarchicalmodels with shared parameters
Estimates normalization parameters jointly across all
genes. Gene-specific posterior probabilities are provided
to identify both lowly and highly variable genes
Noise reduction
scLVM [47] Uses a Gaussian Process Latent variable model to estimate
the covariance matrix associated with latent factors. Residuals
from a linear mixed model with the covariance term represent
de-noised expression estimates
Requires genes associated with the latent factor to be
identified a priori. Normalization factors are estimated
using the median normalization method
OEFinder [12] Uses orthogonal polynomial regression to identify genes
whose expression is associated with position on the C1
Fluidigm integrated fluidic circuit (IFC)
Gene-specific P values are provided to identify genes
affected by the artifact
Sub-population identification
ZIFA [70] Models dropout rate as a function of expression in a factor
analysis (linear dimension reduction) framework
Requires normalized, log-transformed estimates of gene
expression (zeros are not transformed)
Destiny [81, 82] Extends diffusion maps (a non-linear dimension reduction
approach) to handle zeros and sampling density
heterogeneities inherent in single cell data
Requires variance-stabilized gene expression estimates;
works best with a large number of cells
SNN-Cliq [71] Clusters cells by identifying and merging sub-graphs
(quasi-cliques) in a shared nearest neighbor (SNN) graph;
the number of clusters is chosen automatically
Requires a reduced set of genes. Xu and Su [71] recommend
using genes with average RPKM >20 and using a log
transformation to reduce the effect of outliers. Relies on a
valid choice of graph parameters
RaceID [59] Uses k-means applied to a similarity matrix of Pearson’s
correlation coefficients for all pairs of cells; the number of
clusters is chosen using the gap statistic. Outlier cells are
those that cannot be explained by a background model
that accounts for technical and biological noise. In a second
step, rare subpopulations can be identified and outlier cells
may be merged to an outlier cluster; new cluster centers are
then computed and each cell is assigned to the most highly
correlated cluster center
Requires a reduced set of genes. Grün et al. [59] consider
genes with a minimum of five transcripts in at least one cell
SCUBA [73] Uses k-means to cluster data along a binary tree detailing
bifurcation events for time-course data. Models expression
regulation along the tree using bifurcation theory
Requires a reduced set of genes. Marco et al. [73]
recommend using the 1000 most variable genes that are
expressed in at
least 30 % of cells
BackSPIN [60] Iteratively splits a two-way sorted (by both genes and cells)
expression matrix into two clusters containing independent
cells and genes, for a maximum number of splits. The algorithm
has a stopping condition to avoid splitting data that are very
homogeneous
Requires a reduced set of genes and the maximum number
of splits allowed. Zeisel et al. [60] recommend selecting the
top 5000 genes that have the largest residuals after fitting a
simple noise model
PCA/t-SNE [69] Linear/non-linear dimension reduction approach used for
unsupervised clustering of cells
Input is typically a correlation or similarity matrix
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Table 1 Statistical methods for single-cell RNA-seq experiments (Continued)
PAGODA [68] Allows for both detection and interpretation of the
transcriptional heterogeneity within a cell population. A
weighted principal component analysis (PCA) is conducted
for each gene set; those sets for which the variance explained
by the first principal component significantly exceeds genome-
wide background expectation are identified. To provide a
non-redundant view of heterogeneity structure, principal
components from different gene sets showing high
similarity are combined to form a single component of
heterogeneity
Requires un-normalized gene expression counts
(performs internal correction as in SCDE). Uses gene
ontology (GO) annotated or user-defined gene sets
Differential detection
MAST [76] A logistic regression model is used to test differential
expression rate between groups while a Gaussian
generalized linear model (GLM) describes expression
conditionally on non-zero expression estimates. Models
are corrected for cellular detection rate
Requires normalized gene expression estimates and
provides gene-specific P values from summing likelihood
ratio or Wald tests from the two components
SCDE [77] Models gene-specific expression as a two-component
mixture: a Poisson component describes zero and a
Negative Binomial describes non-zero measurements
Requires un-normalized gene expression counts (performs
internal correction) and provides gene-specific posterior
probabilities of differential expression (DE) between two
biological conditions. Tests for DE are performed on
non-zeros
scDD [78] Models expressed counts as a Dirichlet process mixture
(DPM) of normals to test for differentially distributed (DD)
genes associated with multi-modality in the expressed
component. Samples from the posterior further
characterize the gene-specific distributional difference
between two biological conditions to identify genes that
are differentially expressed (DE), differ in the proportion of
cells within modes (DP), differ in the number of modes
(DM), or are both DE and DM (DB)
Requires normalized, log-transformed gene expression
estimates and provides gene-specific P values (or a false
discovery rate (FDR)-controlled list) of DD genes between
two biological conditions. Each DD gene is then classified
into a specific type of distributional difference
Pseudotemporal ordering
Monocle [36] Reduces data using independent component analysis
(ICA) and constructs a minimum spanning tree (MST) to
order cells in pseudotime
Requires normalized, log-transformed gene expression
estimates and a reduced set of genes. Trapnell et al. [39]
recommend identifying genes that are differentially
expressed between time points or, if data at multiple
time points are not available, choosing genes above a
mean and variance threshold
Waterfall [80] Unsupervised clustering is used to identify clusters of cells
for which a putative ordering is determined on the basis
of their relative location in a PCA plot. K-means clustering
of single-cell transcriptomes on the PCA plot and an MST
that connects cluster centers determines pseudotime
Requires normalized estimates of gene expression with
outliers removed
Sincell [83] A flexible R workflow for building cell hierarchies with
multiple options for dimension reduction, clustering, and
graph building. Allows the user to assess the similarity
of graphs and performs resampling or random cell
substitution with simulated replicates to assess the
robustness of estimated hierarchies
Requires normalized, log-transformed gene expression
estimates and a reduced set of genes. Juliá et al. [83]
recommend identifying highly variable genes
Oscope [11] Uses a paired-sine model and K-medoids clustering to
identify groups of oscillatory genes. For each oscillatory
group, an extended nearest insertion algorithm is used to
construct the cyclic order of cells, defined as the order
that specifies each cell’s position within one cycle of the
oscillation of that group
Identifies groups of oscillatory genes, when present.
Requires normalized gene expression and use of only
high mean, high variance genes is recommended
Wanderlust [93] Cells are represented as nodes in an ensemble of k-nearest
neighbor graphs. For each graph, a user-defined starting
cell is used to calculate an orientation trajectory by
iteratively computing the shortest-path distance between
cells. The final trajectory is an average over all graphs
Developed using single-cell mass cytometry data, which
typically describe few genes (<50) and tens of thousands
of cells
Bacher and Kendziorski Genome Biology  (2016) 17:63 Page 4 of 14Both Saliba et al. [5] and Kolodziejczyk et al. [6] review
single-cell isolation practices in detail, with the latter in-
cluding details on the more recent droplet methods.Additional consideration must be given to the protocols
used for extracting RNA from each isolated cell and for
its conversion to cDNA; common methods vary with
Bacher and Kendziorski Genome Biology  (2016) 17:63 Page 5 of 14respect to transcript coverage and strand specificity.
Details are provided in reviews by Grün and van
Oudenaarden [7], Saliba et al. [5] and Kolodziejczyk
et al. [6]. Another issue concerns whether or not to
include synthetic spike-ins (external transcripts added
in known concentrations) or unique molecular identifiers
(UMIs; short random sequences attached to individual
cDNA molecules). While both have a number of theoret-
ical advantages for normalization and expression estima-
tion, practical challenges have prevented their routine use
in scRNA-seq studies to date. In addition to the challenges
detailed by Stegle et al. [8], spike-ins are typically added in
an scRNA-seq experiment at very high relative concentra-
tions and, consequently, they take up a relatively large
proportion of reads, an important consideration during
deliberations regarding experimental design. In addition,
recent droplet technologies are not yet able to accommo-
date spike-ins. UMIs offer a great advantage in reducing
noise resulting from amplification bias [9, 10], but proto-
cols that implement UMIs sequence only the 5′ or 3′ end
of each transcript, making them unsuitable for studies of
isoforms or allele-specific expression.
Whatever the design, it is always beneficial (and requires
almost no additional resources) to record and retain infor-
mation on as many factors as possible to facilitate down-
stream diagnostics. Just as it is standard to check residuals
following a linear regression, it should be standard in se-
quencing experiments to check that effects of interest are
not confounded by variations in technician, sample pro-
cessing date/time, reaction temperature, position on cell
capture device, lane, batch, proportion of detected genes,
and so on. Through such an analysis, Leng et al. [11] iden-
tified an artifact related to position on Fluidigm’s IFC
array; once identified, the effects of such artifacts can be
removed [12]. It is also important to note that the sources
of variation in an scRNA-seq experiment are not yet com-
pletely understood, and there likely are systematic effects
that will be important in scRNA-seq that have yet to be
discovered. Novel methods to identify such factors are
needed and are beginning to be developed [4].
While many of the design principles established for
bulk RNA-seq hold in the single-cell setting, specific
guidelines to define what is meant by 'sufficiently pow-
ered' in an scRNA-seq experiment are less clear. As with
bulk-RNA-seq, guidelines will generally depend on the
questions of interest.
While most studies do not address the question of de-
termining the minimum number of cells required for a
given task, identifying the sequencing depth at which
the majority of human transcripts expressed in a cell, or
population of cells, are detected is a question that has
received considerable attention. The consensus is that,
beyond one million reads, there is very little change
(<5 %) in the number of reliably expressed genesdetected in a cell [13]. In fact, the majority of genes
seem to be detected at 500,000 reads; and over half are
typically detected at 250,000 reads [13, 14]. Furthermore,
Shalek et al. [15] demonstrated that one million reads is
sufficient to estimate the fraction of detectably express-
ing cells within a population and also to estimate the
mean and variance of a gene’s expression among detect-
ably expressing cells.
More reads will be required for more refined tasks,
such as fully characterizing transcript structure, estimat-
ing the expression of rare isoforms, or distinguishing
cells on the basis of subtle differences. Fewer reads but
larger cell numbers may be preferred when mapping out
a large population, searching for rare but distinct cell
types, or pooling cells in silico to obtain average gene-
expression clusters. Guidelines have yet to be reported
for these considerations, as well as for most analysis
tasks such as sub-population identification and the iden-
tification of transcripts showing differential distributions
across conditions. As with any power calculation, precise
guidelines will depend not only on the task at hand but
also on the signal-to-noise ratio inherent to a given system.
Pollen et al. [14] have shown, for example, that 50,000
reads is sufficient for cell-type classification in a sample of
301 cells containing diverse cell types. Conversely, in a
seemingly homogenous cell population, deeper sequencing
may be required to detect heterogeneity that is due to rare
subpopulations. Evaluating the trade-off that exists be-
tween sequencing depth and number of cells will also de-
pend on budget and, albeit to a much lesser extent, on
platform, protocol, base-pair length, and genome size.
Quality control and expression estimation
Once reads from a well-designed experiment are ob-
tained, quality control should be performed on the raw
reads, on the aligned reads, and across the collection of
cells in an effort to identify low-quality cells that should
be removed prior to expression estimation. Low-quality
refers to those cells that are broken or dead or to
capture sites that are empty or contain multiple cells; a
detailed discussion is provided in Ilicic et al. [16]. Micro-
scopic inspection of capture sites is often used to iden-
tify and remove empty or multiple captures prior to
sequencing [11, 17, 18], but such a visual inspection is
not possible with all platforms, is not feasible in very
large-scale experiments, and is not helpful in identify-
ing subtle features associated with low quality [16]. Be-
yond visual inspection, many of the hallmarks of low
quality are qualitatively the same as in bulk RNA-seq;
consequently, existing tools are proving useful in the
single-cell setting [8]. FASTQC [19], Kraken [20], and
RNA-SeQC [21] are all popular tools for assessing the
quality of raw and mapped reads within an individual
sample. Each calculates read quality using summaries
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incorrect base call [22]. Cells with unusually high num-
bers of low-quality reads are flagged for removal.
Graphical interfaces allow a user to assess quickly
whether there is structure in the low-quality scores: an
abundance of low-quality scores in the first few posi-
tions of many reads may indicate a transient problem
with the run, whereas a decrease in quality in the last
positions indicates a general degradation. Trimming
may prove useful in the latter but is not suggested for
the former. The FASTQC website discusses these and
other issues in detail [19]. For samples with sufficiently
high-quality reads, as evidenced by relatively few base-
call errors, additional features should be assessed. For
most genomes, in a complex library free of nucleotide
composition, GC content, and/or amplification bias,
the proportion of nucleotides should be approximately
equal across read positions (at least after an initial bias
that may be present due to certain priming protocols),
GC content should be approximately normally distrib-
uted across reads with a mean and variance similar to
that in the reference transcriptome and very few reads
should be duplicated.
Additional criteria should be assessed once reads are
mapped to a reference transcriptome. The most common
metrics are total number or reads, number of transcripts
sequenced or detected, the proportion of uniquely map-
ping reads, and the proportion of reads mapping to anno-
tated exonic regions, where low numbers are indicative of
sample degradation and/or bias. The proportion of reads
mapping to the mitochondrial genome may also be useful
in identifying low-quality cells because in a broken cell
cytoplasmic RNA will be lost, while RNAs that are
enclosed in the mitochondria will be retained [16]. If
spike-ins are used, the ratio of reads mapping to synthetic
and endogenous transcripts can be informative [23]. Spe-
cifically, a high ratio may indicate that a cell was broken
during the capture process [16]. Patterns associated with
coverage are also important [21, 24] and can be evaluated,
for example, by considering the evenness of coverage as
represented by the mean coefficient of variation across
transcripts, 5′/3′ coverage as assessed by calculating the
average coverage at each percentile of length from anno-
tated 5′ and 3′ ends of known transcripts, and gaps in
coverage. Levin et al. [24] discuss these metrics in detail
and Li et al. [25] provide examples; RNA-SeQC provides a
software package to facilitate straightforward calculation
and visualization [21]. It is important to note that ex-
pected coverage patterns will depend on protocol and
should be evaluated accordingly [7].
Given all the metrics potentially relevant in assessing a
cell’s quality, it can be difficult to decide which samples
to include. Specifically, what proportion of low-quality
reads is considered unusually high? How many readsshould be unique in a sufficiently complex library?
FASTQC provides suggested thresholds that may be
used for these and many of the other metrics discussed
above. Although useful, thresholds will depend on many
factors, including specific features of the transcriptome
under study, read length, library preparation protocols,
and the experimental design. For some measures,
thresholds from bulk do not apply; mapping rates, for
example, are typically lower in scRNA-seq. For these
reasons, it can be helpful to compare metrics across
many samples. QoRTs [26] and Qualimap2 [27] allow a
user to assess the quality of individual cells in the ways
just described, but also introduce metrics to assess qual-
ity across a collection of samples. This allows a user to
identify outlier cells with respect to any of the metrics
just discussed. It also allows for the identification of
batch or other systematic artifacts that are not visible
when considering individual samples in isolation. Cau-
tion must be exercised when discarding individual cells,
or groups of cells, at this stage as a cell’s distinct features
may be due to interesting biological processes and not
technical artifacts. Keeping in mind that QoRTs and
Qualimap2 were developed for bulk RNA-seq, in which
outlier samples are more likely to be due to artifacts,
extra caution should be exercised before discarding a cell
that passes quality control individually but not in the
group setting. Ilicic et al. [16] recently developed a
supervised classification approach for identifying low-
quality cells in the single-cell setting. Like QoRTs and
Qualimap2, it considers a collection of cells; it also
accommodates not only technical but also biological
measures of cell quality and, because of its compre-
hensiveness, is likely to become one of the state-of-
the art methods in this area.
With quality cells in hand, expression may be repre-
sented as counts from non-UMI data using HTSeq [28]
or as expected counts using RSEM [29] or WemIQ
[30]. If UMI-tagged data are available, counts can be
obtained using approaches such as those detailed by
Islam et al. [10] or Hashimshony et al. [31]. Measures
of relative expression within a cell are also often used;
these include transcripts per million mapped reads
(TPM) or reads/fragments per kilobase per million
mapped reads (RPKM or FPKM, respectively). As de-
tailed below, these measures are not appropriate for
comparing expression across cells in most cases be-
cause they assume that RNA content is constant across
cells and that genes are equivalently expressed. For
most downstream analyses, normalization among cells
is needed.
Normalization
Normalization commonly refers to adjusting for differ-
ences in expression levels that result from technical
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between samples. It is widely recognized that many
systematic sources of variation affect scRNA-seq read
counts and should be adjusted for, including capture in-
efficiency, amplification biases, GC content, differences
in total RNA content, sequencing depth, etc. In practice,
however, it is difficult to estimate many of these variance
sources and so most often scRNA-seq normalization
amounts to adjusting for differences in sequencing
depth. When well-behaved and representative synthetic
spike-ins and/or UMIs are available, further refinement
is possible. We first discuss methods for normalization
that do not involve spike-ins or UMIs.
Normalization without spike-ins or UMIs
A number of scRNA-seq studies normalize for se-
quencing depth within a cell by calculating TPM [14,
15, 23, 32, 33] or RPKM/FPKM [34–37]. Although
useful, within-cell normalization methods are not ap-
propriate for many downstream analyses because they
do not accommodate changes in RNA content and
they can be misleading when genes are differentially
expressed [38]. A number of studies have demon-
strated, albeit in the bulk RNA-seq setting, that
between-sample normalization (adjusting for sequen-
cing depth and/or other factors to make samples com-
parable across a collection) is essential for principal
components analysis (PCA), clustering, and the identifi-
cation of differentially expressed (DE) genes [39–41]. A
striking example is provided by Bullard et al. [40], who
show that the normalization procedure has a bigger ef-
fect on the list of DE genes than do the specific
methods used for DE testing. Although these results
were derived for bulk RNA-seq, it is clear that appro-
priate between-cell normalization will be just as im-
portant for single-cell analyses. Unless otherwise noted,
we will hereinafter use normalization to mean between-
cell normalization.
Given the importance of normalization, it is not sur-
prising that many normalization methods are available
for bulk RNA-seq experiments [40–46], and these
methods have been used in the majority of reported
scRNA-seq experiments to date. Specifically, many
scRNA-seq studies use median normalization [47–51] or
a similar method [52, 53]. Although the details differ
slightly among approaches, each attempts to identify
genes that are relatively stable across cells (not DE), then
uses those genes to calculate global scale factors (one for
each cell, common across genes in the cell) to adjust
each gene’s read counts in each cell for sequencing
depth or other sources of systematic variation. Scale fac-
tors are defined such that adjusted expression of the pu-
tative stable genes is relatively constant across cells. In
other words, these methods assume that systematicvariation among the stable genes is due to technical
sources. Consequently, when that is not the case (for ex-
ample, when there are global systematic shifts in expres-
sion resulting from changes in RNA content), these
approaches can produce erroneous results [8]. In
addition, most methods derived from bulk RNA-seq dis-
card genes having any zero counts; and given the abun-
dance of zeros in single-cell data, doing so can have
major effects on normalized counts, with estimates of
global scale factors becoming unstable [54]. Finally, glo-
bal scale factor approaches assume that the relationship
between read counts and sequencing depth is common
across genes, which may not be the case in the single-
cell setting.
Normalization with spike-ins and/or UMIs
As mentioned above, global scale factors assume that
RNA content is constant, which is often not the case in
single-cell analyses as RNA content will vary with cell-
cycle phase, cell size, and the transcriptional dynamics
of select genes [55, 56]. Spike-ins, synthetic transcripts
spiked into each cell’s library at known concentrations,
can be used to estimate relative differences in RNA
content and thereby improve normalization. The idea is
that differences between the observed and expected ex-
pression of spike-ins can be attributed to technical arti-
facts. By calculating a cell-specific factor that adjusts
for the differences, and by applying that factor to en-
dogenous genes, normalized expression estimates can
be obtained. Some scRNA-seq studies use spike-ins to
improve estimates of global scaling factors [47] and
statistical methods have been proposed for this purpose
[54, 56, 57]. In spite of the promise, there are many
challenges in getting spike-ins to work well, which can
result in inconsistent detection [9, 17] (details are
provided in Stegle et al. [8]). As a result, the use of
spike-ins in scRNA-seq is not routine. UMIs are an-
other control that holds much promise. In short, ran-
dom sequences are attached to individual molecules
prior to PCR, making each molecule unique and allow-
ing for an absolute molecular count [10, 58]. UMIs
have been successful in greatly reducing amplification
noise in scRNA-seq data [9, 10, 59–62], but they cannot
be used in studies of isoforms or allele-specific expres-
sion [8]. As with spike-ins, their use in scRNA-seq is
not yet routine. In summary, due to a lack of methods
that can accommodate features inherent in single-cell
data and the challenges in routinely generating high-
quality, representative spike-ins, improved methods for
normalization of scRNA-seq data are required.
Estimating and adjusting for nuisance variation
Several strategies have been proposed to reduce noise
from both technical and biological sources in scRNA-seq
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challenges remain, and scRNA-seq protocols continue to
have substantially increased levels of nuisance variation
relative to bulk RNA-seq. Capture efficiency (percentage
of mRNA molecules in the cell lysate that are captured
and amplified), amplification bias (non-uniform amplifica-
tion of transcripts), and sequencing efficiency (rate at
which cDNAs in a library are sequenced) are major con-
tributors to technical variation. These sources affect
counts in both a gene- and a cell-specific manner and are
observed to have the greatest effect on lowly expressed
genes [48, 63, 64]. Considerable variation also results from
differences among cells in cell-cycle stage or cell size, vari-
ation that is not typically observed in (unsynchronized)
bulk RNA-seq experiments in which expression is profiled
on average over thousands of cells. These biological
sources of variation are not of interest in most experi-
ments and hence contribute to nuisance variation, al-
though we note that in some experiments (for example,
investigations of cell-cycle genes), this variation will be of
direct interest. Given the substantial variability present in
scRNA-seq measurements, separating nuisance from
meaningful biological variation is crucial for accurately
characterizing sub-populations, identifying highly hetero-
geneous genes, and comparing expression levels among
groups of cells; a number of statistical approaches have
been developed toward this end.
One group of methods aims to estimate technical vari-
ability, with the goal of identifying genes that have over-
all variability that greatly exceeds that expected from
technical sources [48, 54, 63]. These methods use spike-
ins to estimate technical noise because spike-ins are
exposed to most of the same experimental steps as
endogenous genes but are free of biological variation.
Specifically, Brennecke et al. [48] demonstrated a strong
non-linear relationship between gene expression and
CV2 for spiked-in genes, where CV2 represents the
square of the coefficient of variation. By modeling this
relationship, estimates of technical variability are ob-
tained and genes whose expression variability greatly ex-
ceeds these estimates for a given biological variability
threshold can be identified. Although useful, this approach
does not fully capture cell-to-cell differences in technical
variability [63] or give explicit estimates of biological vari-
ability [9]. More recent methods provide improvements
by estimating biological variability [9] or by incorporating
additional aspects of technical noise to estimate parame-
ters that account for variation across cells using spike-ins
[63] or jointly over spike-ins and genes [54].
A second group of methods aims to identify and adjust
for nuisance variation imposed by oscillatory genes. Spe-
cifically, Buettner et al. [47] propose a single-cell latent
variable model (scLVM) to adjust for the effects of cell-
cycle oscillations. By adjusting for a structured source ofvariation (resulting from oscillations), the overall re-
sidual variance is reduced, increasing the signal-to-noise
ratio and effectively increasing power. The scLVM
approach estimates a covariance matrix for known cell-
cycle genes using a Gaussian-process latent variable
model. A linear mixed model is then fitted to each gene
with random effects, modeling contributions from hid-
den factors represented by the covariance matrix, tech-
nical noise, and biological variation. Residuals from the fit
produce so-called 'corrected' gene expression values in
which the variation associated with the cell-cycle has been
removed. Buettner et al. [47] demonstrated nicely that
previously masked sub-populations associated with T-cell
differentiation are revealed following removal of cell cycle-
associated variation.
A related approach called Oscope [11] does not rely
on oscillating genes being identified a priori. Rather, it
was developed to identify and characterize oscillators in
snapshot (non temporal) scRNA-seq experiments. When
oscillations that are due to the cell cycle or other sources
are not of interest but rather are nuisance variables
masking the effects that are of interest, the oscillatory
gene groups identified by Oscope may be used subse-
quently in a de-noising step, using either scLVM or, for
specific groups of genes, OEFinder [12]. It should be
noted that Oscope is useful not only when oscillators are
nuisance variables but also when they are of direct inter-
est. For example, Oscope could be used in studies that
aim to identify new oscillators (see the “Pseudotemporal
ordering and inference” section).
Sub-population identification
Two of the most common goals of an scRNA-seq ex-
periment are identifying cell sub-populations within a
biological condition and characterizing genes that have
differential distributions (DD) across conditions. We dis-
cuss each separately. As with normalization, the majority
of reported scRNA-seq studies use methods developed
for bulk experiments. Specifically, hierarchical clustering
and/or PCA is often performed on DE [3, 15, 65], highly
expressed [66, 67], or highly variable genes [61, 62] (or
gene sets [68]) to identify cell sub-populations. A nonlin-
ear dimension-reduction method, t-SNE [69], has also
been used for scRNA-seq data and is often applied to a
subset of highly variable genes [60–62]. High variability
in expression levels among cells of the same type, which
is common in scRNA-seq, can cause underlying struc-
ture to be undetected by these otherwise useful ap-
proaches. In addition, PCA (and related methods such
as factor analysis (FA)) can provide misleading results in
the single-cell setting because of the presence of zeros
[70]. Methods have been developed recently to address
these limitations. ZIFA is a dimension-reduction ap-
proach that augments a latent variable factor analysis
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used simulation studies to show that ZIFA has compar-
able performance to PCA/FA when no (or few) zeros are
present and has considerable advantages in the presence
of zeros. SNN-Cliq is a computationally efficient cluster-
ing approach that relies on shared nearest neighbor
(SNN) similarity measures, which utilize rankings of
similarities (such as Euclidean distance) between gene
expression values as opposed to their numerical values
[71]. As the ranking of nodes usually retains meaning in
the high-dimensional setting, even when primary simi-
larity measures might not, SNN-cliq proves to be more
robust and precise than traditional approaches. Like SNN-
cliq, RaceID also provides advantages gained by clustering
of processed data as opposed to gene-expression values
[59]. Specifically, RaceID performs k-means clustering ap-
plied to a similarity matrix determined by Pearson’s cor-
relation coefficients from pairs of cells, which is shown to
yield improvements in cluster separation relative to using
expression values directly. A second step allows for outlier
cells to be regrouped into separate clusters in an effort to
identify rare sub-populations. Once sub-populations are
identified, it will be very interesting to determine if they
correspond to a known cell type; toward this end, a
cell-type-enrichment analysis approach similar to gene-
set-enrichment analysis has been developed as part of
SINCERA [72]. Finally, if data from multiple time
points are available, single-cell clustering using bifur-
cation analysis (SCUBA) can be used to identify sub-
populations at an initial time point and to extract
lineage relationships between the sub- populations and
cells at subsequent time points [73].
Identifying genes that have expression
differences across conditions
To identify genes that have expression differences across
conditions in an scRNA-seq study, investigators often use
methods from bulk RNA-seq that test for shifts in uni-
modal distributions across conditions [3, 31, 56, 67, 74, 75].
A number of groups have recognized the deficiencies in
doing so: due to both biological and technical variability
cell-to-cell, there is often an abundance of cells for which
a given gene’s expression is measured at zero. Recent
methods, including MAST [76] and SCDE [77], have been
developed to accommodate bimodality in expression levels
resulting from an abundance of zero (or low) values. In
these mixture-model-based approaches, one component
distribution accommodates unobserved, or dropout,
measurements (which include zero and, optionally, thre-
sholded low-magnitude observations) and a second uni-
modal component describes gene expression in cells where
expression is observed. (Note that SCDE uses a three-
component mixture to fit error models and to improve
expression estimates but a two-component mixture fortesting for differences in expression across conditions.) Al-
though these approaches provide an advance over the uni-
modal models that are used in the bulk setting, they are
insufficient for characterizing multi-modal expression data,
which is common in scRNA-seq experiments. For example,
cell heterogeneity often gives rise to bimodal distributions
within the “observed” component [15, 65].
A recent method developed by Korthauer et al. [78]
accommodates multi-modality to identify genes with DD
across conditions. In their Bayesian modeling frame-
work, called scDD, they accommodate four types of
changes across two biological conditions: shifts in uni-
modal distributions (traditional DE); differences in the
number of modes (DM); differences in the proportion of
cells within modes (DP); or both DE and DM, which the
authors refer to as DB. The scDD model provides pos-
terior probabilities of DD for each gene and then, using
those posterior probabilities, classifies each DD gene
into one of the four patterns. By explicitly modeling the
multi-modal expression, scDD is likely to have increased
power to identify differences in many settings.
Pseudotemporal ordering and inference
Dynamic processes such as stem cell renewal and differ-
entiation are essential for normal tissue development,
homeostasis, and repair, yet our understanding of these
fundamental processes remains primitive. Bulk RNA-seq
studies have enabled numerous insights, but averaging
over thousands of cells obscures, and in some cases mis-
represents, signals of interest [79]. Consequently, the
ability to profile genome-wide expression in individual
cells is critical to improving our understanding of the
dynamic cellular processes associated with development,
differentiation, and disease. Single-cell RNA-seq experi-
ments provide for such profiling but they too are limited
to snapshot experiments, meaning that continuous mon-
itoring of genome-wide gene expression in individual
cells over time is not possible. Fortunately, computa-
tional algorithms coupled with scRNA-seq data enable
reconstruction of differentiation paths from a population
of individual unsynchronized cells. The idea is that, at
any given time point, an unsynchronized cell population
contains cells at various stages of differentiation. (We
refer to differentiation throughout, noting that other dy-
namic biological processes may also be studied using
these approaches.) Expression dynamics may be resolved
by reordering the cells according to their position along a
differentiation path. A number of statistical and computa-
tional methods have been developed toward this end.
Although the details differ considerably among
methods, most approaches perform some type of dimen-
sion reduction and then apply algorithms from graph the-
ory (or extensions thereof) designed to traverse nodes in a
graph efficiently. In short, of interest in many graph
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of nodes) that pass through selected nodes in a graph
while minimizing some distance function. This problem is
structurally similar to ordering cells along a differentiation
path or paths; the goal is to order cells so that the distance
between cells, determined by gene expression, is mini-
mized. Typically, distance is defined using genes that ex-
plain a substantial proportion of variance or those known
to be important in differentiation.
Monocle was the first robust and efficient computa-
tional method developed to order cells according to their
position along a differentiation process [36]. To recon-
struct the so-called pseudotemporal ordering, Monocle
uses independent component analysis (ICA) for dimen-
sion reduction, then constructs a minimum-spanning
tree (MST) through the dimension-reduced data. The
longest path through the MST is used initially to place
cells according to their progress through differentiation.
Divergence among paths is accommodated and numer-
ous trajectories are considered to order cells that are not
well placed initially. Monocle’s motivating examples and
analysis are done using data from four time points and
the authors [36] note that selecting genes that are DE
between time points allowed for robust ordering. It is
possible to use Monocle for pseudotime ordering of data
from a single time point, but doing so would require a
user to identify salient, temporally related genes, which
in some cases is not possible. Waterfall is similar to
Monocle but uses unsupervised clustering and PCA in a
pre-processing step to identify groups of ordered cells
(temporal delineators are not required) that are then
used to reconstruct a full ordering using an MST [80].
Methods that are based on diffusion maps have also
been developed [81]. They allow for dimension reduc-
tion and reconstruction in a single step, are relatively ro-
bust to noise, accommodate zeros, and are largely
insensitive to the underlying sampling distribution; but
with these advantages comes a considerable computa-
tional burden. Specific implementations that consider sub-
sets of paths can dramatically improve performance [82];
and Sincell provides a general implementation in which
various options for dimension reduction and pseudotem-
poral reconstruction may be specified by a user [83].
A key assumption that enables pseudotemporal order-
ing is that genes do not change direction very often, and
thus samples with similar transcriptional profiles should
be close in order. If oscillatory processes are of interest,
the aforementioned approaches are not appropriate be-
cause genes that follow the same oscillatory process
need not have similar transcriptional profiles. Two genes
with an identical frequency that are phase shifted, for ex-
ample, will have little similarity. Oscope was developed
to enable the identification and reconstruction of oscilla-
tory trajectories [11]. Like other pseudotemporalreconstruction algorithms, Oscope capitalizes on the fact
that cells from an unsynchronized population represent
distinct states in a system. Unlike previous approaches,
however, it does not attempt to construct a linear order
that is based on minimizing change among adjacent
samples. Instead, it utilizes co-regulation information
among oscillators to identify groups of putative oscillat-
ing genes and then reconstructs the cyclic order of sam-
ples for each group, defined as the order that specifies
each cell’s position within one cycle of the oscillation.
There are likely other processes of interest whose dy-
namics are not well described by the pseudotemporal or
cyclic order reconstruction methods that are currently
available and novel methods in this domain will prove
useful.
Network inference
Elucidating the structure and function of transcriptional
regulatory networks is a central goal of numerous stud-
ies and scRNA-seq provides unprecedented potential to-
ward this end. This challenge is commonly viewed as a
regulatory network reconstruction problem, in which
genes or transcripts represent nodes and edges represent
interactions or dependence among nodes. Of primary
interest are identifying meaningful groups of nodes, esti-
mating edges, and determining the ways in which the
network changes following perturbation. The weighted
gene co-expression network analysis (WGCNA) is an
analysis approach widely used in bulk RNA-seq [84]. In
this framework, edges represent co-expression, as deter-
mined by both correlation and relative interconnected-
ness. It is not clear how these measures will perform in
general when applied to scRNA-seq, where zeros and
sub-populations are common, and it is likely that some
adjustment to the existing framework may prove benefi-
cial. At the same time, WGCNA has already enabled im-
portant insights in an scRNA-seq study focused on
embryonic development [53]. There, the authors applied
WGCNA to cells at the same developmental stage, min-
imizing the potential for spurious results induced by
high-correlation coefficients resulting from the presence
of sub-populations.
WGCNA and other association network reconstruc-
tion approaches have facilitated considerable progress in
bulk studies and are expected to do so for scRNA-seq as
well, but they do not provide information about regula-
tory relationships among nodes. To do so, temporal or
perturbation experiments are typically required. As de-
scribed in the previous section, it is possible to derive at
least partial ordering from snapshot scRNA-seq experi-
ments; two recent methods leverage the information
provided by pseudotemporal ordering approaches and
combine it with traditional methods for regulatory net-
work reconstruction to infer regulatory relationships
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methods greatly expand upon the type of information
that can now be obtained from snapshot scRNA-seq
experiments.
Conclusions
The past decade of genome research has led to major
advances in single-cell sequencing technologies and con-
comitant advances in computational and statistical
methodologies. Yet a number of challenges remain and
must be addressed to ensure that maximal information
can be obtained from single-cell RNA-seq, as well as
other types of single-cell experiments. Methods from
bulk experiments are readily applicable, perhaps follow-
ing straightforward extensions, for tasks such as quality
control and expression estimation that involve raw data.
In contrast, novel methods are required for tasks that
are directly affected by features characteristic of single-
cell data, including an abundance of zeros, increased
heterogeneity, and complex expression distributions.
These tasks include normalization, sub-population iden-
tification, assessment of differential dynamics, pseudo-
time reconstruction, and network inference. For
questions that involve processed measurements (involv-
ing PCA, FA, or network inference methods, for ex-
ample), a main challenge is how best to define distance.
Standard measures of distance may be compromised in
the single-cell setting given the frequency of strongly
expressed genes that dominate such measures and given
the abundance of missing data that are not missing at
random but rather arise from both biological and tech-
nical sources. Once robust and informative measures of
distance are developed, applications of traditional
methods will result in much-improved performance.
We have focused primarily on analyses for which mul-
tiple tools are available, although we note that there are
additional methodological challenges that are not
highlighted here. For example, novel methods are begin-
ning to be developed for studies of allele-specific expres-
sion [63] and isoform usage [87]. Methodological
challenges are also introduced with the advent of tech-
nologies that increase sample size by allowing for rou-
tine profiling of tens of thousands of cells [61, 62, 88].
Some of the methods discussed here will enjoy improved
performance, whereas others will require extensions or
approximations to handle the computational burden.
Advances will also facilitate the study of single-cell gene-
expression profiles over time, space [89], or lineage [90],
as well as of multiple types of -omics data within a single
cell [91]. This progress will usher in unique opportun-
ities to fully address fundamental questions associated
with cell state, circuitry, and fate decisions during de-
velopment, homeostasis, and disease. As we enter a
period of unparalleled data accumulation and analysis,computational biology will undoubtedly continue to
contribute important advances to our understanding of
molecular systems.
Data
Six publically available datasets (three bulk and three
single cell) are shown in Fig. 1. Datasets bulk1, bulk3,
and sc3 contained spike-ins that were removed prior to
analysis. The six datasets are described in detail below.
Bulk1
Gene-level read counts calculated by HTSeq were down-
loaded from GEO GSE60314, genome release 6.01. In
short, RNA was extracted from individual Drosophila
Genetic Reference Panel (DGRP) flies and then multi-
plexed and sequenced using the Illumina HiSeq 2000
system. Here, we consider 60 female bulk RNA-seq sam-
ples to match the number of samples in the sc1 set. To
make the sequencing depths comparable, for each sc1
cell, a sample having comparable sequencing depth was
drawn from the 851 available bulk1 samples. The 60
chosen bulk samples have an average sequencing depth
of nine million and were normalized using the median
normalization method [42].
Bulk2
Transcript-level RPKM expression estimates were down-
loaded from GEO GSE40419. In short, RNA was ex-
tracted from tissue containing normal lung cells; cDNA
was prepared using the standard Illumina protocol and
sequenced using the Illumina HiSeq 2000 system. The
data contain 77 bulk RNA-seq samples. Prior to RPKM
normalization, reads were aligned using GSNAP and
gene-level counts were quantified by counting the num-
ber of uniquely aligned RNA sequencing reads.
Bulk3
Transcript-level read counts were downloaded from
GEO GSE47774. Here we consider 80 replicate samples
of Universal Human Reference (UHR) RNA (sample A)
sequenced at Beijing Genomics Institute (BGI) as part of
the Sequencing Quality Control (SEQC) project. Five
barcoded replicate libraries were generated then multi-
plexed and sequenced across eight lanes for two flow
cells using the Illumina HiSeq 2000 system. The data
have an average sequencing depth of 13.4 million and
were normalized using the median normalization
method [42].
Sc1
Gene-level read counts (generated using rpkmforgenes)
were downloaded from GEO GSE45719. RNA was
collected from individual Mus musculus embryonic cells
at various time points of development. Cells were
Bacher and Kendziorski Genome Biology  (2016) 17:63 Page 12 of 14handpicked and libraries were prepared using the Smart-
seq protocol. Libraries were multiplexed and sequenced
on the Illumina HiSeq 2000 system. Here we consider
scRNA-seq of 60 cells from the mid blastocyst embryo
stage. The data have an average sequencing depth of
nine million and were normalized using the median
normalization method [42].
Sc2
TPM expression estimates generated by RSEM were
downloaded from GEO GSE64016. In short, RNA was
extracted from undifferentiated H1 human embryonic
stem cells in three replicate experiments. Single-cell
RNA-seq was performed using the C1 Single Cell Auto
Prep System (Fluidigm); libraries were then multiplexed
and sequenced at 24 libraries per lane on the Illumina
HiSeq 2500 system. The data have an average sequen-
cing depth of 3.4 million.
Sc3
Gene-level read counts calculated by HTSeq were down-
loaded from ArrayExpress E-MTAB- 2805. In short, in-
dividual Mus musculus embryonic stem cells were
sorted using fluorescence-activated cell sorting (FACS)
for cell-cycle stage, then single cell RNA-seq was per-
formed using the C1 Single Cell Auto Prep System (Flui-
digm). Libraries were multiplexed and sequenced across
four lanes using the Illumina HiSeq 2000 system. Here
we consider 96 Mus musculus embryonic stem cells in
the G2M stage of the cell cycle. The data have an average
sequencing depth of 4.5 million and were normalized
using the median normalization method [42].
Abbreviations
CV2: the square of the coefficient of variation; DD: differential distribution;
DE: differentially expressed; DM: differences in the number of modes;
DP: differences in the proportion of cells within modes; FA: factor analysis;
FPKM: fragments per kilobase per million mapped reads; ICA: independent
component analysis; MST: minimum-spanning tree; PCA: principal
component analysis; RPKM: reads per kilobase per million mapped reads;
scLVM: single-cell latent variable model; scRNA-seq: single-cell RNA-
sequencing; SCUBA: single-cell clustering using bifurcation analysis;
SNN: shared nearest neighbor; TPM: transcripts per million mapped reads;
UMI: unique molecular identifier; WGCNA: weighted gene co-expression
network analysis.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
RB and CK shared equally in the writing of the manuscript. Both authors
read and approved the final version of the manuscript.
Acknowledgements
The authors would like to thank Li-Fang Chu, Michael Newton, Alex Shalek,
Aviv Regev, Angela Wu, and two anonymous reviewers for helpful comments
that improved the manuscript.
Funding
This work was supported by NIH R01GM102756 and NIH U54 AI117924.Author details
1Department of Statistics, University of Wisconsin, Madison, WI 53706, USA.
2Department of Biostatistics and Medical Informatics, University of Wisconsin,
Madison, WI 53726, USA.References
1. Auer P, Doerge RW. Statistical design and analysis of RNA sequencing data.
Genetics. 2010;185:405–16.
2. Robles JA, Qureshi SE, Stephen SJ, Wilson SR, Burden CJ, Taylor JM. Efficient
experimental design and analysis strategies for the detection of differential
expression using RNA-sequencing. BMC Genomics. 2012;13:484.
3. Yan L, Yang M, Guo H, Yang L, Wu J, Li R, et al. Single-cell RNA-Seq profiling
of human preimplantation embryos and embryonic stem cells. Nat Struct
Mol Biol. 2013;20:1131–9.
4. Hicks SC, Teng M, Irizarry RA. On the widespread and critical impact of
systematic bias and batch effects in single-cell RNA-Seq data. bioRxiv. 2015.
doi: http://dx.doi.org/10.1101/025528.
5. Saliba A-E, Westermann AJ, Gorski SA, Vogel J. Single-cell RNA-seq: advances
and future challenges. Nucleic Acids Res. 2014;42:8845–60.
6. Kolodziejczyk AA, Kim JK, Svensson V, Marioni JC, Teichmann SA. The
technology and biology of single-cell RNA sequencing. Mol Cell.
2015;58:610–20.
7. Grün D, van Oudenaarden A. Design and analysis of single-cell sequencing
experiments. Cell. 2015;163:799–810.
8. Stegle O, Teichmann SA, Marioni JC. Computational and analytical
challenges in single-cell transcriptomics. Nat Rev Genet. 2015;16:133–45.
9. Grün D, Kester L, van Oudenaarden A. Validation of noise models for single-
cell transcriptomics. Nat Methods. 2014;11:637–40.
10. Islam S, Zeisel A, Joost S, La Manno G, Zajac P, Kasper M, et al. Quantitative
single-cell RNA-seq with unique molecular identifiers. Nat Methods.
2014;11:163–6.
11. Leng N, Chu LF, Barry C, Li Y, Choi J, Li X, et al. Oscope identifies oscillatory
genes in unsynchronized single-cell RNA-seq experiments. Nat Methods.
2015;12:947–50.
12. Leng N, Choi J, Chu LF, Thomson JA, Kendziorski C, Stewart R. OEFinder: a
user interface to identify and visualize ordering effects in single-cell RNA-
seq data. Bioinformatics. 2016. doi:10.1093/bioinformatics/btw004.
13. Wu AR, Neff NF, Kalisky T, Dalerba P, Treutlein B, Rothenberg ME, et al.
Quantitative assessment of single-cell RNA-sequencing methods. Nat
Methods. 2014;11:41–6.
14. Pollen AA, Nowakowski TJ, Shuga J, Wang X, Leyrat AA, Lui JH, et al. Low-
coverage single-cell mRNA sequencing reveals cellular heterogeneity and
activated signaling pathways in developing cerebral cortex. Nat Biotechnol.
2014;32:1053–8.
15. Shalek AK, Satija R, Shuga J, Trombetta JJ, Gennert D, Lu D, et al. Single-cell
RNA-seq reveals dynamic paracrine control of cellular variation. Nature.
2014;510:363–9.
16. Ilicic T, Kim JK, Kolodziejczyk AA, Bagger FO, McCarthy DJ, Marioni JC,
Teichmann SA. Classification of low quality cells from single-cell RNA-seq
data. Genome Biol. 2016;17:29.
17. Burns JC, Kelly MC, Hoa M, Morell RJ, Kelley MW. Single-cell RNA- Seq
resolves cellular complexity in sensory organs from the neonatal inner ear.
Nat Commun. 2015;6:8557.
18. Tsang JC, Yu Y, Burke S, Buettner F, Wang C, Kolodziejczyk AA, et al. Single-
cell transcriptomic reconstruction reveals cell cycle and multi-lineage
differentiation defects in Bcl11a-deficient hematopoietic stem cells. Genome
Biol. 2015;16:178.
19. Babraham Bioinformatics. FastQC: a quality control tool for high throughput
sequence data. http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/.
Accessed 7 Mar 2016.
20. Davis MP, van Dongen S, Abreu-Goodger C, Bartonicek N, Enright AJ.
Kraken: a set of tools for quality control and analysis of high-throughput
sequence data. Methods. 2013;63:41–9.
21. DeLuca DS, Levin JZ, Sivachenko A, Fennell T, Nazaire MD, Williams C, et al.
RNA-SeQC: RNA-seq metrics for quality control and process optimization.
Bioinformatics. 2012;28:1530–32.
22. Ewing B, Green P. Base-calling of automated sequencer traces using phred.
II. Error probabilities. Genome Res. 1998;8:186–94.
Bacher and Kendziorski Genome Biology  (2016) 17:63 Page 13 of 1423. Achim K, Pettit JB, Saraiva LR, Gavriouchkina D, Larsson T, Arendt D, Marioni
JC. High-throughput spatial mapping of single-cell RNA-seq data to tissue
of origin. Nat Biotechnol. 2015;33:503–9.
24. Levin JZ, Yassour M, Adiconis X, Nusbaum C, Thompson DA, Friedman N,
et al. Comprehensive comparative analysis of strand-specific RNA
sequencing methods. Nat Methods. 2010;7:709–15.
25. Li S, Łabaj PP, Zumbo P, Sykacek P, Shi W, Shi L, et al. Detecting and
correcting systematic variation in large-scale RNA sequencing data. Nat
Biotechnol. 2014;32:888–95.
26. Hartley SW, Mullikin JC. QoRTs: a comprehensive toolset for quality
control and data processing of RNA-Seq experiments. BMC
Bioinformatics. 2015;16:224.
27. Okonechnikov K, Conesa A, García-Alcalde F. Qualimap 2: advanced multi-
sample quality control for high-throughput sequencing data. Bioinformatics.
2015;32:292–4.
28. Anders S, Pyl PT, Huber W. HTSeq—a Python framework to work with high-
throughput sequencing data. Bioinformatics. 2014;31:166–9.
29. Li B, Dewey CN. RSEM: accurate transcript quantification from RNA-Seq data
with or without a reference genome. BMC Bioinformatics. 2011;12:323.
30. Zhang J, Kuo CCJ, Chen L. WemIQ: an accurate and robust isoform
quantification method for RNA-seq data. Bioinformatics. 2015;31:878–85.
31. Hashimshony T, Wagner F, Sher N, Yanai I. CEL-Seq: single-cell RNA-Seq by
multiplexed linear amplification. Cell Rep. 2012;2:666–73.
32. Patel AP, Tirosh I, Trombetta JJ, Shalek AK, Gillespie SM, Wakimoto H, et al.
Single-cell RNA-seq highlights intratumoral heterogeneity in primary
glioblastoma. Science. 2014;344:1396–401.
33. Darmanis S, Sloan SA, Zhang Y, Enge M, Caneda C, Shuer LM, et al. A survey
of human brain transcriptome diversity at the single cell level. Proc Natl
Acad Sci U S A. 2015;112:7285–90.
34. Sasagawa Y, Nikaido I, Hayashi T, Danno H, Uno KD, Imai T, Ueda HR.
Quartz-Seq: a highly reproducible and sensitive single-cell RNA-Seq reveals
non-genetic gene expression heterogeneity. Genome Biol. 2013;14:R31.
35. Treutlein B, Brownfield DG, Wu AR, Neff NF, Mantalas GL, Espinoza FH, et al.
Reconstructing lineage hierarchies of the distal lung epithelium using
single-cell RNA-seq. Nature. 2014;509:371–5.
36. Trapnell C, Cacchiarelli D, Grimsby J, Pokharel P, Li S, Morse M, et al. The
dynamics and regulators of cell fate decisions are revealed by
pseudotemporal ordering of single cells. Nat Biotechnol. 2014;32:381–6.
37. Deng Q, Ramsköld D, Reinius B, Sandberg R. Single-cell RNA-seq reveals
dynamic, random monoallelic gene expression in mammalian cells. Science.
2014;343:193–6.
38. Robinson M, Oshlack A. A scaling normalization method for differential
expression analysis of RNA-seq data. Genome Biol. 2010;11:1–9.
39. Oshlack A, Robinson MD, Young MD. From RNA-seq reads to differential
expression results. Genome Biol. 2010;11:220.
40. Bullard JH, Purdom E, Hansen KD, Dudoit S. Evaluation of statistical methods
for normalization and differential expression in mRNA-Seq experiments.
BMC Bioinformatics. 2010;11:94.
41. Dillies MA, Rau A, Aubert J, Hennequet-Antier C, Jeanmougin M, Servant N,
et al. A comprehensive evaluation of normalization methods for Illumina high-
throughput RNA sequencing data analysis. Brief Bioinform. 2013;14:671–83.
42. Anders S, Huber W. Differential expression analysis for sequence count data.
Genome Biol. 2010;11:R106.
43. Robinson MD, Oshlack A. A scaling normalization method for differential
expression analysis of RNA-seq data. Genome Biol. 2010;11:R25.
44. Risso D, Schwartz K, Sherlock G, Dudoit S. GC-content normalization for
RNA-Seq data. BMC Bioinformatics. 2011;12:480.
45. Risso D, Ngai J, Speed TP, Dudoit S. Normalization of RNA-seq data
using factor analysis of control genes or samples. Nat Biotechnol.
2014;32:896–902.
46. Hansen KD, Irizarry RA, Wu Z. Removing technical variability in RNA-seq data
using conditional quantile normalization. Biostatistics. 2012;13:204–16.
47. Buettner F, Natarajan KN, Casale FP, Proserpio V, Scialdone A, Theis FJ, et al.
Computational analysis of cell-to-cell heterogeneity in single-cell RNA-
sequencing data reveals hidden subpopulations of cells. Nat Biotechnol.
2015;33:155–60.
48. Brennecke P, Anders S, Kim JK, Kołodziejczyk AA, Zhang X, Proserpio V, et al.
Accounting for technical noise in single-cell RNA-seq experiments. Nat
Methods. 2013;10:1093–95.
49. Kim JK, Marioni JC. Inferring the kinetics of stochastic gene expression from
single-cell RNA-sequencing data. Genome Biol. 2013;14:R7.50. Dueck H, Khaladkar M, Kim TK, Spaethling JM, Francis C, Suresh S, et al.
Deep sequencing reveals cell-type-specific patterns of single-cell
transcriptome variation. Genome Biol. 2015;16:122.
51. Mahata B, Zhang X, Kolodziejczyk AA, Proserpio V, Haim-Vilmovsky L,
Taylor AE, et al. Single-cell RNA sequencing reveals T helper cells
synthesizing steroids de novo to contribute to immune homeostasis.
Cell Rep. 2014;7:1130–42.
52. Chapman AR, He Z, Lu S, Yong J, Tan L, Tang F, Xie XS. Single cell
transcriptome amplification with MALBAC. PLoS One. 2015;10:e0120889.
53. Xue Z, Huang K, Cai C, Cai L, Jiang CY, Feng Y, et al. Genetic programs in
human and mouse early embryos revealed by single-cell RNA sequencing.
Nature. 2013;500:593–7.
54. Vallejos CA, Marioni JC, Richardson S. BASiCS: Bayesian Analysis of Single-
Cell Sequencing data. PLoS Comput Biol. 2015;11:e1004333.
55. Lovén J, Orlando DA, Sigova AA, Lin CY, Rahl PB, Burge CB, et al. Revisiting
global gene expression analysis. Cell. 2012;151:476–82.
56. Katayama S, Töhönen V, Linnarsson S, Kere J. SAMstrt: statistical test for
differential expression in single-cell transcriptome with spike-in
normalization. Bioinformatics. 2013;29:2943–5.
57. Ding B, Zheng L, Zhu Y, Li N, Jia H, Ai R, et al. Normalization and
noise reduction for single cell RNA-seq experiments. Bioinformatics.
2015;31:2225–7.
58. Kivioja T, Vähärautio A, Karlsson K, Bonke M, Enge M, Linnarsson S, Taipale J.
Counting absolute numbers of molecules using unique molecular
identifiers. Nat Methods. 2012;9:72–4.
59. Grün D, Lyubimova A, Kester L, Wiebrands K, Basak O, Sasaki N, et al. Single-
cell messenger RNA sequencing reveals rare intestinal cell types. Nature.
2015;525:251–5.
60. Zeisel A, Muñoz-Manchado AB, Codeluppi S, Lönnerberg P, La Manno G,
Juréus A, et al. Cell types in the mouse cortex and hippocampus revealed
by single-cell RNA-seq. Science. 2015;347:1138–42.
61. Macosko EZ, Basu A, Satija R, Nemesh J, Shekhar K, Goldman M, et al. Highly
parallel genome-wide expression profiling of individual cells using nanoliter
droplets. Cell. 2015;161:1202–14.
62. Klein AM, Mazutis L, Akartuna I, Tallapragada N, Veres A, Li V, et al. Droplet
barcoding for single-cell transcriptomics applied to embryonic stem cells.
Cell. 2015;161:1187–201.
63. Kim JK, Kolodziejczyk AA, Illicic T, Teichmann SA, Marioni JC. Characterizing
noise structure in single-cell RNA-seq distinguishes genuine from technical
stochastic allelic expression. Nat Commun. 2016;7:10415.
64. Bhargava V, Head SR, Ordoukhanian P, Mercola M, Subramaniam S. Technical
variations in low-input RNA-seq methodologies. Sci Rep. 2014;4:3678.
65. Shalek AK, Satija R, Adiconis X, Gertner RS, Gaublomme JT, Raychowdhury R,
et al. Single-cell transcriptomics reveals bimodality in expression and
splicing in immune cells. Nature. 2013;498:236–40.
66. Cann GM, Gulzar ZG, Cooper S, Li R, Luo S, Tat M, et al. mRNA-Seq of single
prostate cancer circulating tumor cells reveals recapitulation of gene
expression and pathways found in prostate cancer. PLoS One. 2012;7:e49144.
67. Ramsköld D, Luo S, Wang YC, Li R, Deng Q, Faridani OR, et al. Full-length
mRNA-Seq from single-cell levels of RNA and individual circulating tumor
cells. Nat Biotechnol. 2012;30:777–82.
68. Fan J, Salathia N, Liu R, Kaeser GE, Yung YC, Herman JL, et al. Characterizing
transcriptional heterogeneity through pathway and gene set overdispersion
analysis. Nat Methods. 2016;13:241–4.
69. Van der Maaten L, Hinton G. Visualizing data using t-SNE. J Mach Learn Res.
2008;9:2579–605.
70. Pierson E, Yau C. ZIFA: dimensionality reduction for zero-inflated single-cell
gene expression analysis. Genome Biol. 2015;16:241.
71. Xu C, Su Z. Identification of cell types from single-cell transcriptomes using
a novel clustering method. Bioinformatics. 2015;31:1974–80.
72. Guo M, Wang H, Potter SS, Whitsett JA, Xu Y. SINCERA: a pipeline for single-
cell RNA-Seq profiling analysis. PLoS Comput Biol. 2015;11:e1004575.
73. Marco E, Karp RL, Guo G, Robson P, Hart AH, Trippa L, Yuan GC. Bifurcation
analysis of single-cell gene expression data reveals epigenetic landscape.
Proc Natl Acad Sci U S A. 2014;111:E5643–50.
74. Brunskill EW, Park JS, Chung E, Chen F, Magella B, Potter SS. Single cell
dissection of early kidney development: multilineage priming.
Development. 2014;141:3093–101.
75. Lee MC, Lopez-Diaz FJ, Khan SY, Tariq MA, Dayn Y, Vaske CJ, et al. Single-cell
analyses of transcriptional heterogeneity during drug tolerance transition in
cancer cells by RNA sequencing. Proc Natl Acad Sci U S A. 2014;111:E4726–35.
Bacher and Kendziorski Genome Biology  (2016) 17:63 Page 14 of 1476. Finak G, McDavid A, Yajima M, Deng J, Gersuk V, Shalek AK, et al. MAST: a
flexible statistical framework for assessing transcriptional changes and
characterizing heterogeneity in single-cell RNA sequencing data. Genome
Biol. 2015;16:278.
77. Kharchenko PV, Silberstein L, Scadden DT. Bayesian approach to single-cell
differential expression analysis. Nat Methods. 2014;11:740–2.
78. Korthauer K, Chu L-F, Newton MA, Li Y, Thomson J, Stewart R, Kendziorski C.
scDD: a statistical approach for identifying differential distributions in single-
cell RNA-seq experiments. bioRxiv. 2015. doi: http://dx.doi.org/10.1101/
035501
79. Trapnell C. Defining cell types and states with single-cell genomics.
Genome Res. 2015;25:1491–8.
80. Shin J, Berg DA, Zhu Y, Shin JY, Song J, Bonaguidi MA, et al. Single-cell
RNA-seq with Waterfall reveals molecular cascades underlying adult
neurogenesis. Cell Stem Cell. 2015;17:360–72.
81. Haghverdi L, Buettner F, Theis FJ. Diffusion maps for high-dimensional
single-cell analysis of differentiation data. Bioinformatics. 2015;31:2989–98.
82. Angerer P, Haghverdi L, Büttner M, Theis FJ, Marr C, Buettner F. destiny:
diffusion maps for large-scale single-cell data in R. Bioinformatics. 2015.
doi:10.1093/bioinformatics/btv715.
83. Juliá M, Telenti A, Rausell A. Sincell: sn R/Bioconductor package for statistical
assessment of cell-state hierarchies from single-cell RNA-seq. Bioinformatics.
2015;31:3380–2.
84. Zhang B, Horvath S. A general framework for weighted gene co-expression
network analysis. Stat Appl Genet Mol Biol. 2005;4:Article17.
85. Ocone A, Haghverdi L, Mueller NS, Theis FJ. Reconstructing gene regulatory
dynamics from high-dimensional single-cell snapshot data. Bioinformatics.
2015;31:i89–96.
86. Moignard V, Woodhouse S, Haghverdi L, Lilly AJ, Tanaka Y, Wilkinson AC,
et al. Decoding the regulatory network of early blood development from
single-cell gene expression measurements. Nat Biotechnol. 2015;33:269–76.
87. Welch JD, Hu Y, Prins JF. Robust detection of alternative splicing in a
population of single cells. Nucleic Acids Res. 2016. doi:10.1093/nar/gkv1525.
88. Jaitin DA, Kenigsberg E, Keren-Shaul H, Elefant N, Paul F, Zaretsky I, et al.
Massively parallel single-cell RNA-seq for marker-free decomposition of
tissues into cell types. Science. 2014;343:776–9.
89. Satija R, Farrell JA, Gennert D, Schier AF, Regev A. Spatial reconstruction of
single-cell gene expression data. Nat Biotechnol. 2015;33:495–502.
90. Kimmerling RJ, Lee Szeto G, Li JW, Genshaft AS, Kazer SW, Payer KR, et al. A
microfluidic platform enabling single cell RNA-seq of multigenerational
lineages. Nat Commun. 2016;7:10220.
91. Angermueller C, Clark SJ, Lee HJ, Macaulay IC, Teng MJ, Hu TX, et al. Parallel
single-cell sequencing links transcriptional and epigenetic heterogeneity.
Nat Methods. 2016;13:229–32.
92. Fraley C, Raftery A. MCLUST: software for model-based cluster and
discriminant analysis. J Classif. 1999;16:297–306.
93. Bendall SC, Davis KL, Amir e-AD, Tadmor MD, Simonds EF, Chen TJ, et al.
Single-cell trajectory detection uncovers progression and regulatory
coordination in human B cell development. Cell. 2014;157:714–25.
